Abstract. Our aim was to assess the ability of radiography-based bone texture parameters in proximal femur and acetabulum to predict incident radiographic hip osteoarthritis (rHOA) over a 10 years period. Pelvic radiographs from CHECK (Cohort Hip and Cohort Knee) at baseline (987 hips) were analyzed for bone texture using fractal signature analysis in proximal femur and acetabulum. Elastic net (machine learning) was used to predict the incidence of rHOA (Kellgren-Lawrence grade (KL) ≥ 2 or total hip replacement (THR)), joint space narrowing score (JSN, range 0-3), and osteophyte score (OST, range 0-3) after 10 years. Performance of prediction models was assessed using the area under the receiver operating characteristic curve (ROC AUC). Of the 987 hips without rHOA at baseline, 435 (44%) had rHOA at 10-year follow-up. Of the 667 hips with JSN grade 0 at baseline, 471 (71%) had JSN grade ≥ 1 at 10-year follow-up. Of the 613 hips with OST grade 0 at baseline, 526 (86%) had OST grade ≥ 1 at 10-year follow-up. AUCs for the models including age, gender, and body mass index to predict incident rHOA, JSN, and OST were 0.59, 0.54, and 0.51, respectively. The inclusion of bone texture parameters in the models improved the prediction of incident rHOA (ROC AUC 0.66 and 0.71 when baseline KL was also included in the model) and JSN (ROC AUC 0.62), but not incident OST (ROC AUC 0.53). Bone texture analysis provides additional information for predicting incident rHOA or THR over 10 years.
Introduction
Plain radiography is a cheap, fast and widely available imaging method for osteoarthritis (OA). Bony changes can be clearly seen on plain radiographs and provide useful information about bone deformities, density, and structure. A plain radiograph is a projection (summation) through a three-dimensional structure and this is one main limitation of this imaging method. However, it has been shown that radiographybased bone texture is significantly related with the three-dimensional structure of bone [1] [2] [3] [4] [5] . Medical image analysis often involves interpretation of tissue appearance, e.g., smooth, grainy, rough, or homogenous. These image properties are related to the spatial arrangement of pixel intensities in images, i.e., image texture, and can be quantified using texture analysis [6] . Radiography-based texture analysis of the proximal femur has been applied for example in osteoporosis and in the assessment of femoral neck fracture risk [7, 8] . However, in OA research, the majority of studies analyzing bone texture are concentrated on the knee, using mostly fractal-based texture analysis methods [1, [9] [10] [11] [12] [13] . There is evidence that tibial trabecular bone texture can be used to predict both development and progression of OA as well as total knee replacement [14] [15] [16] [17] [18] [19] [20] [21] . Only one study applied fractal signature analysis (FSA) on hip radiographs to quantify trabecular bone changes in subjects with prevalent hip OA and reported changes in fractal dimension of femoral head between baseline and 18 months followup [22] . However, the sample size of that study was relatively small (14 subjects) and the follow-up rather short.
Given the previous results showing that FSA can be applied on hip radiographs [22] and that bone density related parameters from dual energy X-ray absorptiometry (DXA) contribute to the risk and progression of hip OA [23] [24] [25] [26] , we hypothesize that radiography-based bone texture gives additional information in predicting the development of radiographic hip OA (rHOA). Consequently, our aim was to create a method for automated assessment of bone texture in proximal femur and acetabulum from plain hip radiographs and to assess the ability of these bone texture parameters to predict incident rHOA.
committees of all ten participating centers and written informed consent was obtained from all participants.
Plain pelvic anterior-posterior radiographs and clinical data at baseline and 10-year follow-up were used in the current study. Subjects with missing data (radiographs, demographics, clinical examination), KL grade ≥ 2 at baseline, and/or with insufficient radiograph quality (artefacts or underexposed) were excluded ( Figure 1 ). As such, the final subset for assessing incident rHOA (KL grade ≥ 2) or total hip replacement (THR) within the period from baseline to 10 years included 987 hips (Table 1). Figure 1 . Flowchart of the selection of CHECK subjects and hips for the current study.
Acquisition and grading of the radiographs
Weight-bearing, anterior-posterior pelvic radiographs were acquired according to a standardized protocol. A wedge was used to assure 15-degree internal rotation in feet. The source -detector distance was 120 cm, and the X-ray beam was centered on the superior part of the pubic symphysis. Hips were classified according to the KL grading scale [28] at baseline and 10-year follow-up. Superior and medial joint space narrowing (JSN) and superior and inferior osteophytes (OST) in acetabulum/femur were classified according to the Osteoarthritis Research Society International (OARSI) grading scale [29] . The scale for classifying the changes in JSN and OST was from 0 (normal) to 3 (severe change) [29] . Highest JSN and OST grades of the analyzed regions were used in the analyses. Table  1 summarizes the distribution of the KL, JSN, and OST grades of included hips at baseline and 10-year follow-up.
Selection of regions of interests
Prior to extraction of the regions of interests (ROIs), all images were resampled to have the same pixel size based on the smallest femoral head diameter (measured in pixels) on the data. Bicubic interpolation was used to ensure comparability of the structural parameters, without producing as much artefacts as bilinear or nearest neighbor interpolation algorithms. The resampling was also needed because part of the baseline radiographs were digitized and saved in TIFF images (501 hip images were in DICOM and 486 in TIFF format) and the actual pixel size on the detector was not available. After resampling, to assess bone texture from the radiographs, 41 circular ROIs with 70 pixels diameter were extracted from femoral head and acetabulum (25 on femoral head and 16 on acetabulum) (Figure 2 ). Although previous studies have typically used rectangular ROIs, circular ROIs were used in the current study to better cover femoral head and acetabular area and to enable bone texture assessment in many different directions inside the ROI without losing pixels when rotating the ROI. ROI selection procedure was based on fourteen out of seventy-five landmarks, which were manually placed on the proximal femur and pelvis in a previous study ( Figure 2 ) [30] . Two circles were fitted in femoral head and acetabulum for ROI placement using Least Squares Optimization algorithm, which calculates the center and radius of best fitting circle in an iterative process. Locations of the ROIs were determined after a robustness assurance step which guarantees that the same ROI number selects the same corresponding pixels on images despite the size and rotation differences among them. Locations of the ROI1, ROI17, ROI25, and ROI26 were defined based on the center of the femoral head and the second-most lateral landmark on the acetabular rim ( Figure 2 ). Other ROIs were automatically placed based on the locations of those ROIs. 
Bone texture analysis
Before texture analysis, images were median filtered with a 3x3 pixels filter to remove high-frequency noise and grayscale values were expanded to full dynamic range (0 -255). Bone texture was assessed using the FSA method [1, 10, 11] . FSA produces fractal dimension values that are related to the roughness and complexity of the image. To calculate the fractal dimensions, the image was dilated and eroded with a rodshaped, horizontally oriented, one-pixel wide structuring element. After that, the volume, V, between dilated and eroded images was calculated. Calculations were repeated by varying the element length r from 2 to 5 pixels. The surface area, A(r), was obtained from the Equation 1:
Subsequently, a log-log plot was constructed by plotting log of A(r) against log of r. Finally, the fractal dimension was estimated by the slope of regression line that fitted the points in the log-log plot. High fractal dimension values are associated with high complexity of the image, whereas low complexity results in low fractal dimension values.
Because the orientation of the bone structures in femoral head and acetabulum varies, we assessed fractal dimensions in 18 different angles, i.e. from 0 to 170 degrees with 10 degrees increments. To reduce the number of fractal dimension values (18 values for 41 ROIs = 738 features per hip), minimum (FD min ) and maximum (FD max ) fractal dimension values and their respective angles (Angles min , Angles max ) per ROI were selected. Consequently, 164 texture features were used in the analyses.
Statistical analyses
Logistic regression was used to assess the association of each baseline covariate (age, gender, body mass index (BMI), and baseline KL grade) as well as bone texture parameter with incident rHOA (KL grade ≥ 2), incident JSN (JSN grade ≥ 1), and incident OST (OST grade ≥ 1). Unadjusted odds ratios (OR) and 95% confidence interval of the univariate models were reported. To prevent overfitting, machine learning was used for dimensionality reduction and to assess the predictive ability of the bone texture parameters and baseline covariates. For the dimensionality reduction and prediction, a regularized logistic regression method called elastic net was used [31, 32. ] The elastic net linearly combines the L1 and L2 penalties of lasso and ridge regression methods [31, 32] . The samples were randomly divided into a training and validation set (790 hips, 80% of the data) and a hold-out test set (197 hips, 20% of the data) by stratifying the proportion of the controls and subjects with incident rHOA at follow-up in each set. To optimize the ratio of the L1 and L2 penalties (α) and the strength of the penalty parameter (λ) of the elastic net, 10-fold cross-validation was performed. When α is close to zero, the elastic net approaches ridge regression, while when α is 1, lasso regression is performed. After optimizing elastic net parameters, the predictive ability of 1) covariate model, 2) texture feature model, 3) covariate + baseline KL model, and 4) model with covari-ates, baseline KL, and texture features combined in the test set were assessed using area under the receiver operating characteristics curve (ROC AUC). Analyses were repeated to predict incident rHOA among subjects with only KL0 or KL1 at baseline separately. Furthermore, incident JSN (JSN ≥ 1) among subjects with JSN grade 0 at baseline and incident OST (OST grade ≥ 1) among subjects with OST grade 0 at baseline were predicted with the elastic net. To remove the potential effect of imaging center to fractal dimension values, the parameters were standardized with mean and standard deviation values of the center where the imaging was performed (z = (x -µ)/SD, where x is the value of each measurement, µ and SD are the average and standard deviation of the parameter at the center where the imaging was performed). Statistical analyses were performed using R (version 3.1.2) software with Caret [33] (version 6.0), pROC [34] (version 1.8) and glmnet [31] (version 2.0) packages.
Results
Of the 987 hips without rHOA at baseline, 435 (44%) had developed incident rHOA (KL ≥ 2 or THR) at10-year follow-up (Table 1) . Of the 667 hips with JSN grade 0, 471 (71%) had JSN grade ≥ 1 or THR at 10-year follow-up. Of the 613 hips with OST grade 0, 526 (86%) had OST grade ≥ 1 or THR at 10-year follow-up. The univariate logistic regression models for covariates showed that age (OR: 1.05), gender (OR: 0.61), and baseline KL grade (OR: 4.21) were significantly related to incident rHOA at the 10-year follow-up, but BMI was not (Table 2) . When looking at the univariate unadjusted texture parameter models, ORs for minimum fractal dimension (FD min ) parameter models were statistically significant in 18/41 ROIs (OR range: 0.72 -1.14), the maximum fractal dimension (FD max ) parameter in 13 (Tables 8 and 9 ). The selected elastic net parameters and ROC AUC values for the covariate model, texture model, covariate + baseline KL model, and for the combined covariate, baseline KL, and texture feature model from 10-fold cross-validation are shown in Table  4 . The model that included covariates, baseline KL, and texture features had the high-est ROC AUC (0.72) in cross-validation. The variables that were selected based on the 10-fold cross-validation of the elastic net are listed in Table 5 and visualized in Figure 3 . BMI was not selected in any of the models by the algorithm. When assessing the performance of the optimized elastic net models in test set, the combined covariate, baseline KL, and bone texture feature model had the highest AUC (0.71 [95% CI: 0.63 -0.78]). ROC curves for the 1) covariate, 2) texture, 3) combined covariates and baseline KL, and 4) combined covariate, baseline KL, and texture feature models in the test set are shown in Figure 4 . When assessing subjects with KL0 or KL1 at baseline separately, adding the texture parameters improved model performance only among KL1 subjects in the test set (ROC AUC value increased from 0.54 to 0.67, Figures 5 and 6 ). For analyses in subjects with KL0 at baseline, ROC AUC values in cross-validation were 0.58, 0.60, and 0.61 for covariate, texture, and covariate + texture models, respectively. For analyses in subjects with KL1 at baseline, ROC AUC values in cross-validation were 0.67, 0.71, and 0.73 for covariate, texture, and covariate + texture models, respectively.
When predicting incident JSN in the test set, the combined texture and covariate model had the highest ROC AUC value of 0.62 (Figure 7) . ROC AUC values in cross-validation were 0.56, 0.65, and 0.65 for covariate, texture, and covariate + texture models, respectively.
Selected models performed poorly when predicting incident OST in the test set ( Figure 8 ). ROC AUC values in cross-validation were 0.56, 0.51, and 0.51 for covariate, texture, and covariate + texture models, respectively.
Discussion
In this study, we created a method for the assessment of bone texture in proximal femur and acetabulum from plain pelvic radiographs and assessed the ability of bone texture to predict incident rHOA or THR. Fractal dimension was measured from 41 ROIs that were placed on femoral head and acetabulum. Inclusion of bone texture parameters in the prediction model increased the ROC AUC value of the model during cross-validation (from 0.69 to 0.72) and in the hold-out test set (from 0.66 to 0.71) as compared to the model with baseline patient characteristics and baseline KL grade.
As there were no previous data for the optimal location of ROIs for bone texture analysis in the hip, we decided to cover the whole femoral ROI and also incorporate the acetabulum in our analyses. As shown in a previous study for the knee, areas distal from the subchondral bone might also include relevant texture information [14] . Interestingly, the relevant ROIs for the prediction of rHOA in our analyses were either at or next to the principal compressive trabeculae or close to the joint space (Figure 3) . Depending on the ROI and variable, either higher or lower values were predictive for rHOA. For example, higher values in FDmin in ROIs 32 and 33 and lower values in ROIs 2, 6, 19, 28, 29, 32, 33, and 41 were predictive for rHOA. Lower fractal dimension values are likely associated to trabecular thickening or a reduction in trabecular number [22] . Changes in the angles associated to the fractal dimensions indicate the changes in the orientation of the trabeculae within the ROI. For example higher Angles max values indicate that the maximum fractal dimension value (FD max ) was detected from higher angles. One possible explanation for the differences between the directions of the predictive values in the ROIs may be the adaptation of bone according to the daily loading of the joint. Some areas may experience higher loads whereas the loads may be reduced in other areas. Furthermore, subchondral bone sclerosis affect the values in areas that are near the joint space. In a previous study assessing changes in FSA in OA hips, 14 subjects were followed 18 months. Fractal dimension of small and medium sized structures in the image were decreased during follow-up probably due to trabecular thickening or a reduction in trabecular number [22] . However, the relationship between FSA and development and/or progression of OA was not studied.
In contrast to the scarce assessment of associations between bone texture and hip OA, the association between tibial bone texture and knee OA has been described in many papers [14] [15] [16] [18] [19] [20] [21] . ROC AUC values between 0.65 and 0.79 have been reported for models predicting progression of knee OA using bone texture and clinical covariates (e.g., age, BMI and gender) [14, 15, 18, 19] . JSN was used for defining progression in these studies. In a study assessing the predictive ability of texture parameters for incident knee OA defined as KL≥2 at follow-up, a ROC AUC of 0.69 was reported for the model including bone texture and clinical covariates (age, BMI and gender) [20] . Associations of covariates and bone texture with incident rHOA in our study are in line with these results. However, the ability to predict incident JSN or OST in the hip was worse than that reported for the knee [20] . The ROC AUC to predict rHOA increased from 0.66 to 0.71 after including bone texture to the model that included covariates and KL grading. Relatively low increase in ROC AUC may be because baseline KL grade alone is already a quite strong predictor of rHOA. Bone texture does not directly provide information about JSN, whereas JSN affects directly to KL grade, as this is included in its definition. However, trabecular bone structure is not evaluated in KL grading whereas bone texture analysis provides information about that.
When the ability to predict incident rHOA was compared between subjects with KL0 and KL1 at baseline, ROC AUC values were higher for KL1 subjects (ROC AUC values for the full model: 0.60 vs 0.67). These results suggest that in KL0 subjects there might not yet be changes that can be captured with bone texture analysis and predict incident rHOA.
This study contains some limitations that need to be discussed. First, the relevance of bone changes to the OA disease process might differ between HOA phenotypes. In the current study, different phenotypes were mixed as there is no consensus on how to define OA phenotypes yet. Second, radiographic scoring is subjective, semiquantitative, and a plain radiograph is a projection of 3-dimensional structure. Therefore, some OA changes may have been missed. Third, rHOA and THR were combined as an outcome, while they might be different. We decided to combine these outcomes due to low number of THR subjects. Fourth, ten different medical centers participated in the data collection and different X-ray machines were used for the imaging, which may have affected texture analysis. However, FSA has been shown to be robust to the changes in imaging settings (e.g., exposure and pixel size) [10] . Furthermore, to remove possible effects from differences between centers, FSA parameters were standardized within each center. We think that including data from multiple X-ray machines increases the generalizability of our results. Fifth, training, validation, and test sets were derived from CHECK and the model was not tested in another cohort. However, to reduce overfitting, the hold-out test set was not used in crossvalidation and the optimal elastic net parameters were searched using 10-fold crossvalidation.
In conclusion, bone texture analysis in proximal femur and acetabulum provides additional information when trying to predict incident rHOA or THR. Our results suggest that bone texture parameters could be valuable when building prediction tools for OA. Table 1 . Characteristics of the subjects that were included in the current study. 5 (0.8%) Total hip replacement 6 (1.0%) KL = Kellgren-Lawrence, JSN = joint space narrowing, OST = osteophyte. All values are given as mean (standard deviation) or n (%). Figure 5 . Receiver operating characteristics (ROC) curves and their respective area under the curve (AUC) values for predicting incident rHOA (KL ≥ 2) or THR among subjects with KL0 grade at baseline using 1) texture parameters from fractal signature analysis (FSA), 2) covariates (age, gender, and body mass index), and 3) texture parameters combined with covariates. 
